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Abstract For strengthening the national defense, the function of tactical network is essential. tactics and
strategies in wartime situations are based on numerous information. Therefore, various reconnaissance
devices and resources are used to collect a huge amount of information, and they transmit the
information through tactical networks. In tactical networks that which use contention based channel
access scheme, high-speed nodes such as recon aircraft may have performance degradation problems
due to unnecessary channel occupation. In this paper, we propose a learning-backoff method, which
empirically learns the size of the contention window to determine channel access time. The proposed
method shows that the network throughput can be increased up to 25% as the number of high-speed
mobility nodes are increases.
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Fig. 2. Multi-beam Antenna Operation Scenario
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Fig. 3. Compensation value of Q-table

Learning-Backoff Algorithm :

exploration = 1 - (timer / simulation_time)
if random(1) < exploration:

Backoff_counter = random_int(0, max_window_size)
else:

Backoff_counter = max_index(Q_table)

if communication_success():
Q table[Backoff counter] += reward

Fig. 4. Learning—Backoff Algorithm
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Fig. 6. Recon flight simulation

Table 1. Simulation environment

Simulator Python
Radius of flight route Riecon aircraft 20 km
Receiving aircraft 5 km
Communication Range 40 km
) (25, 70)
Position Recon aircraft 75. 70)
Receiving aircraft (50, 25)
Flight speed 250 km/h
Flight direction Clockwise
RTS, CTS, SIFS, ACK, Slot
: 10 us
time
DIFS 50 us
Data Frame 200 us
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